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Contribution 1: unstable optimization
large stepsize accelerates gradient descent in logistic regression

Contribution 2: implicit regularization
gradient descent dominates ridge regression in linear regression

Contribution 3: from theory to practice
principled parallelization method for training language models



Contribution 1: unstable optimization
large stepsize accelerates gradient descent in logistic regression

- “Large stepsize gradient descent for logistic loss: non-monotonicity of the loss
improves optimization efficiency”
W, Peter Bartlett, Matus Telgarsky, Bin Yu
COLT 2024

- “Large stepsizes accelerate gradient descent for regularized logistic
regression”

W* Pierre Marion*, Peter Bartlett
NeurlPS 2025
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Classical theory

Let L be 1-smooth (HVzLH < 1) with finite minimizer

Descent lemma.

. small stepsize n<2=L0)|

. large stepsize n>2 = L(6,) T oo for quadratics
Rates. GD with # = 1 achieves
. convexity L(6) —min L < O(1/1)

. A-strong convexity L(0,) —minL < e fort = O(Kln(l/e))

condition number
kK=1/A>1
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Classical theory N

Let L be 1-smooth (|| VZL|| < 1) with finite minimizer

Descent lemma.

. small stepsize n<2=L0)|

. large stepsize n>2 = L(6,) T oo for quadratics
Rates. GD with # = 1 achieves

. convexity L(6) —min L < O(1/1)

. A-strong convexity L(6,) —minL < efort = O(Kln(lle))

acceleration by Nesterov's momentum:

condition number .
k= 1/1> 1 o(1/%) & 0(\/’_<1n(1/€))
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Stepsize

n=o(l)

Related works

. Altschuler, Parrilo. "Acceleration by stepsize hedging I: multi-step descent and the silver stepsize schedule.” Journal of the
ACM 2024

- Grimmer, Shu, Wang. “Composing optimized stepsize schedules for gradient descent.” Mathematics of Operations
Research 2025
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Logistic regression smooth, convex
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Logistic regression smooth, convex

non-strongly convex

1 n
empirical risk  L(0) = — Z ln(l + eXp(—yixiTH))
it
Gradient Descent 0., =0,—nVL(0,)

Assumption. ||x|| < 1, y. € {£1},i=1,...,n
. 3 unit vector 6%, min, y.x;' 0% >y > 0 ©.©

. 17,1 grow while n,y = O(1) implied by .
overparameterization

Classical theory. Forn = O(1), L(6,) | and L(6,) = O(1/1)

improved to O(1/t%) by Nesterov

N



Large stepsize accelerates GD

Theorem. Let #steps be T'> O(1). For some n = O(T), we have

L(O;) = O(1/T?)

Wu, Bartlett, Telgarsky, Yu. “Large stepsize gradient descent for logistic loss: non-monotonicity of the loss improves
optimization efficiency” COLT 2024
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Regularized logistic regression

IIIIIIIIIIIII

*
lllllllllllll

Gradient Descent 6,,, = 6, —nVL(0)
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Contribution 2: implicit regularization
gradient descent dominates ridge regression in linear regression

- “Risk comparisons in linear regression: implicit regularization dominates
explicit regularization”
W, Peter Bartlett, Sham Kakade, Jason Lee, Bin Yu
COLT 2026
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Explicit / implicit regularization

1 n
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Contribution 3: from theory to practice
principled parallelization method for training language models

- “Seesaw: accelerating training by balancing learning rate and batch size
scheduling”
Alexandru Meterez*, Depen Morwani*, W, Costin-Andrei Oncescu, Cengiz
Pehlevan, Sham Kakade
ICLR 2026
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Practice. LM training is “online”: #data  #flops
Question. Fixing #flops, same test error with fewer steps?
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“critical batch size”
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(a sequence of batch sizes)
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works with sandbox:
Iomguoge models linear regressm)n

Theorem (informal). For normalized SGD, “default” and “Seesaw”
achieve same test error rate for all linear regression problems

default: stepsize scheduler
n — n/l.1, B fixed

Astepsize

step

>

A|oc>|tch size

step
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sandbox: compdtlble :  works with sandbox:

normohzed SGD | with Adam : Ionguoge models linear regressmmi

llllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllllll

Theorem (informal). For normalized SGD, “default” and “Seesaw”
achieve same test error rate for all linear regression problems

default: stepsize scheduler Seesaw: joint scheduler
n — nl/l.1, B fixed n—-nh/1.1,B—-1.1B
stepsize batch size stepsize batch size
A A A A e
_> > > >
step step step step

Meterez, Morwani, Wu, Oncescu, Pehlevan, Kakade. “Seesaw: accelerating training by balancing learning rate and batch size
scheduling” ICLR 2026
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